ABSTRACT Target tracking has become one of the research hotspots in the field of computer vision in recent years. In this paper, a new intelligent algorithm of infrared multi-pedestrian tracking in vertical view is proposed. In the algorithm, the pedestrians in the infrared image can be quickly detected and located with the method of the Faster Regions with CNN features (RCNN) and then are tracked with the improved Siamese network. The tracking method based on Siamese network transforms the tracking problem into a similarity verification problem and evaluates the similarity score between new frame feature and target frame feature by convolution network. The candidate region with the highest score is considered as the current position of the target. In this paper, the Siamese network is combined with Faster RCNN for multi-pedestrian tracking. In addition, the tracking results of adjacent frames are introduced into the similarity evaluation of current frames to improve the tracking accuracy when the pedestrian posture changes. The experimental results show that the algorithm has good robustness and tracking result and achieves competitive performance.
I. INTRODUCTION
Target tracking is one of the most concerned subjects in the field of computer vision. With the increasing application of artificial intelligent in daily life, it is particularly important to use target tracking technology to track pedestrians, vehicles or other objects on the road and provide real-time and accurate information [1] - [4] . In recent years, various effective tracking algorithms [5] - [7] have been proposed constantly and shown excellent performance in some data sets. Among them, the pedestrians can be tracked, the pedestrian motion can be detected, and pedestrian numbers in the area can be identified. Compared with visible light, the pedestrian tracking under infrared light is insensitive to the illumination changes and can be operated in all-weather. In addition, infrared images consist of only grayscale information, which can protect sensitive information in some private scenes. However, infrared images have some limitations, such as less color information and low resolution.
In view of the excellent performance of deep convolutional neural network in feature extraction, it has been the state of art of target tracking [8] , [9] . Some researchers have combined convolution features with traditional tracking methods and achieved quite good results [6] , [7] . So as to improve the tracking effect, some researchers have proposed to transform the target tracking problem into a similarity verification problem [10] , [12] , [14] . In addition, Bertinetto L proposed a fully convolution Siamese network (SiamFC), which trained two same full convolution networks, one for extracting target features and the other for analyzing candidate region features. By comparing the two set of features, the target location could be found [14] .
In view of the outstanding performance of SiamFC in target tracking, this paper focus on the infrared pedestrian tracking method in vertical view by SiamFC in which the following three problems need to be solved. Firstly, SiamFC lacks the updating of target model. In the whole tracking process, only the first frame is chosen as the target model (the target needs to be pre-marked), without considering the change of posture during the motion. Secondly, SiamFC only tracks the single target, so the algorithm needs to be improved when it is applied to multi-object tracking. Finally, since the image used in this paper is an infrared pedestrian image from the vertical view, there are hardly any public data sets.
To solve these problems, the following improvements have been made in this paper. Firstly, the tracking results of the previous frame are added into the similarity evaluation of the current frame, and the target model is indirectly updated. Secondly, by Faster-RCNN, all the pedestrians included in the image are detected and the status (being track, to be tracked or no longer tracked) of each pedestrian is identified. Then, according to the statuses of each pedestrian, multi-object tracking is realized through SiamFC. Finally, in order to overcome the shortage of training data, video data recorded in actual scene is utilized as Faster-RCNN's training data. For Siamese network, many large visible video data sets are available, such as OTB, VOT and so on.
The remaining of this paper is organized as follow. Reviews of pedestrian detection model on Faster-RCNN and object tracking model on Siamese network are introduced in Section II. Methodology is depicted in Section III, and experimental details and results are provided in Section IV. Finally, the conclusions and discussion are presented in Section V.
II. RELATED WORK A. PEDESTRIAN DETECTION BASED ON FASTER-RCNN
The research content of this paper is to realize the tracking of the specific object -pedestrians. In the actual situation, pedestrians cannot be pre-marked in the video image, so how to detect the pedestrians in each frame is the premise for tracking.
Nowadays, the target detection and recognition based on deep learning becomes the mainstream and many methods have emerged, Such as R-CNN [24] and its improved version like Fast-RCNN [23] , Faster-RCNN [17] , R-FCN [25] , SSD [18] and YOLO [19] . RCNN was proposed by Girshick in 2014 and known for its high accuracy on object detection. However, this method has heavy computational burden. Then Girshick proposed Fast-RCNN to improve the real-time performance of computing, but there is a bottleneck of region proposal computation. Based on Fast-RCNN, the Faster-RCNN was proposed in 2016. It consists of two networks, one is the Region Proposal Network (RPN) which is a fully convolutional network to generate proposal region and pass it to next part, the other is a detection network for target detecting and classifying. The key point of Faster-RCNN is to share full-image convolutional features between RPN and detection network, so the region proposal almost cost-free.
Since Faster-RCNN was proposed, it has been one of the mainstream frameworks in the field of target detection. For general detection problems (such as pedestrian detection, vehicle detection, and text detection), Faster-RCNN can achieve good results both in accuracy and speed.
B. PEDESTRIAN TRACKING BASED ON SIAMESE NETWORK
The target tracking problem can be transformed into a similarity problem. By comparing the target image with search area, the region with the highest similarity can be regarded as the location of target. The advantage of this method is that the pre-training network can be used to track targets, and the real-time tracking can be improved.
Siamese network is very suitable for solving similarity learning problem. It consists of two branches, one is to extract the features of the target, and the other is to divide the search image into several candidate sub-regions, extract the features of these sub-regions, and then evaluate the similarity between the target and sub-regions. The region with the highest score is the track result. An excellent method based on Siamese network was proposed by Bertinetto et al. [14] , called full convolution Siamese network (SiamFC). This method uses the full convolution network, and its advantage is that the larger search image can be selected as the input and the similarity function will calculate all transformed sub-windows within the search image in one evaluation. This method can track a given single target in real time and has good precision.
The excellent performance of SiamFC has attracted wide attention in target tracking and its follow-up work [15] , [16] , [22] , [26] , [27] . SiamRPN improved the speed and accuracy of tracking algorithm by using the candidate sub-regions recommended by RPN [15] . SA-Siam constructed a dual Siamese network to learn semantic features and appearance features, and combine these two features to improve tracking accuracy [12] .
III. INFRARED MULTI-PEDESTRIAN TRACKING FROM VERTICAL VIEW A. FASTER-RCNN FOR PEDESTRIAN DETECTION
In this paper, Faster-RCNN is used to locate pedestrians in video, and its algorithm framework is shown in figure 1 . The convolutional network adopts VGG16 [20] , and its training set is extracted from the infrared pedestrian video recorded in the actual scenes.
As show in figure 1 , the convolution network is utilized to obtain the feature map of the image and share them to the regional proposal network (RPN), RPN uses softmax to determine whether each anchor point belongs to the foreground or background. ROI Pooling layer generates proposal feature maps based on feature map and proposal region which are used to determine the target category, and then passes them to the full connection layer. In the end, softmax classifier discriminates whether each proposal region is pedestrian, and the final target position is obtained by bounding box regression.
B. SiameseFC BASED PEDESTRIAN TRACKING
In this paper, SiameseFC is used to track pedestrian, and its network framework is shown in figure 2 . The whole process VOLUME 7, 2019 FIGURE 1. Faster RCNN framework. is expressed as follows:
where z represents the image of the target model, p stands for the searching image, g (z, p) denotes the similarity between z and p, f (·) denotes the feature extracted by convolution models, and corr (·) is a function that measures similarity, such as Euclidean distance. The convolution feature extraction layer represented as f (·) has a similar structure to that of AlexNet [21] , but there is no the final full connection layer. As depicted in figure 3 , the whole CNN has five convolutional layers. There is a maximum pooling layer behind conv1 and conv2, and except conv5 there are a ReLU non-linear activation layer behind each convolutional layer.
C. SIAMESE CONVOLUTION NETWORK TRAINING
The training samples are taken from the large marked video dataset in ImageNet. To ensure the same size of training image, all infrared video images should be scaled according to the scale s. The target to be tracked and the search area centered on the target to be tracked are cut out by each frame image in a fixed size. Then, a pair of training sample is formed by randomly selecting a target image and its corresponding search region image (the interval between the two is no more than T frames) in the same video. If the size of the labeled box is w × h, and the size of the target image to be cut is A 2 , then there is
where p represents the width of the edge and p = (w + h) 4, and s represents the factor of image scaling. During training, the search image of each pair of training sample produces multiple candidate regions, which were divided into positive or negative candidate regions, as defined follows:
where u represents candidate region, k denotes the network stride, c stands target center, and R indicates the preset radius. That is to say, if the candidate region is within the radius R of the target center, it is recognized as positive candidate region, otherwise it is a negative candidate region. Each candidate region corresponds to a sample. And its score can be seen as the probability that it is a positive or negative sample. So, its logical loss can be expressed as:
where v represents the actual output of a candidate region, and y ∈ {+1, −1} denotes that the candidate region is positive or negative. Therefore, the loss function of the entire network can be expressed as:
where D ∈ R 2 represents the score map containing all candidate regions of a sample pair.
D. TRACKING TEMPLATE UPDATING
SiamFC [14] , SINT [22] and other methods generally regard the target image in the first frame as the tracking template, and in the subsequent tracking process, the target template is not updated. They consider the target image in the first frame to be the most important and credible data. During the similarity evaluation, all candidate regions in the search image are compared with the target template, and the candidate regions with the highest similarity score are returned as the final position of the target. This process can be expressed as:
where z is the initially selected target image, p represents the candidate region with the highest similarity to z, p denotes all candidate regions, p k represents the k candidate region, g (z, p k ) denotes the similarity score between z and p k . However, it is quite possible for the target to produce deformation, occlusion and other variation during the moving, which leads to significant difference between original template and the subsequent image. As a result, the bias accumulated gradually will reduce the accuracy of the follow-up tracking. In general, pedestrian changes are very small in adjacent frame. When the difference between the pedestrian image in the current frame and the initial image is large, the current tracking result can be corrected by using the tracking result of the previous frame. Therefore, this paper fuses the previous frame tracking results into the similarity evaluation, and transforms equation (6) into
where p t−1 represents the candidate region with the highest similarity to the target z in the previous frame, and λ is a weight coefficient .The whole similarity score has two parts: one is the similarity score between the first frame target and the candidate region of the current frame, and the other is score between the highest similarity candidate region of the previous frame and the candidate region of the current frame.
E. MULTI-PEDESTRIAN TRACKING
I y The following sets are defined firstly: the set I is a set of pedestrians detected in the current frame, represents the pedestrian y in set I which contains the position coordinates of the pedestrian y and the image of the current frame, The set H is a set of pedestrians which need to be tracked in the current frame, H x represents the pedestrian x in set H which includes the historical position coordinates and the corresponding image of x from entering the monitoring area to the current frame, The set H ⊆ H is the tracking results of the pedestrians in the current frame, and H x represents the tracking result of the pedestrian x in the current frame. The multi-pedestrian tracking process is as follows: 1. The Faster-RCNN is used to detect pedestrians in the current frame, and the set I is obtained.
where F (•) represents the pedestrian detection operation of Faster-RCNN and Z is the current frame image. In the current frame, the pedestrians in the set H is tracked by SiamFC, and the set H is obtained.
where F (•, •) represents the pedestrian tracking operation of SiamFC. 3. The set H is updated according to the change of set I and H .
In order to update the set H , IOU(Intersection over Union) is defined to calculate the position overlap rate between the pedestrian A in the set I and the pedestrian B in the set H . If IOU (A, B) is greater than the threshold T, A and B can be regarded as the same pedestrian, otherwise it is not.
In Fig. 4 the blue portion indicates the area occupied by A in the image, the yellow portion denotes the area occupied by B in the image, and the green portion represents the part of A and B intersecting. IOU (A, B) equals the intersection of A and B divided by the union of A and B.
In addition to IOU, the boundary of the monitoring area is defined which is a rectangle slightly smaller than the image. The purpose is to ensure that the detected pedestrian contour is complete and the accuracy of the tracking is guaranteed. The update to the set H is divided into two steps:
(1) Identifying the newly added pedestrians. The IOU between the pedestrian P in the set I and all pedestrians in set H are calculating. If there is H x such that the maximum value of IOU (I P , H x ) is less than the threshold T, and the pedestrian P is within the boundary of the monitoring area, then pedestrian P is considered to be a newly pedestrian. At this time, the relevant information of pedestrian I P is added to the set H .
(2) Judging the pedestrian who has just left. For the pedestrian q in set H , if the tracking result H q in set H is not within the boundary of the monitoring area, it indicates that the pedestrian q has left, and its corresponding information H q should be removed from set H . Otherwise, the position coordinates in H q are updated to H q .
4. After the update of set H is completed, the new set H is used for pedestrian tracking in the next frame.
IV. EXPERIMENT A. MODEL TRAINING
In this paper, GeForce gtx1060 6G GPU is used to experiment in windows python3.5 environment.
The training set of Faster-RCNN is about 5000 frames of pedestrian images recorded by a fixed infrared camera in an aisle. The real boundary box of the target are manually labeled, and the marked data was saved into a text file. The open source tensorflow framework, and VGG16 network model are used. The number of iterations for training is set to 40,000, and the learning rate is 0.001.
SiamFC can track any pre-marked single target, so it is not necessary to collect special video to train it. The training data in this article comes from ImageNet's large video set (ILSVRC2015). SiamFC training consists of more than 50 epochs, each of which contains 50,000 pairs of samples, and the gradient of each iteration is calculated using 8 as the min-batch. The learning rate for each epoch is from 10 −2 to 10 −5 .
The parameter λ in the formula (7) represents the weight between the initial model and the optimal candidate of the previous frame in the similarity evaluation of the current frame. It is found by experiments that the overlap rate between the trailing box and the actual labeling box is different with different λ values. As shown in figure 5 , tracking is best when λ = 0.7.
B. EXPERIMENT RESULT
The trained Faster-RCNN is used to detect the non-training data set of the infrared pedestrian in the vertical view. Some detection results are shown in Fig. 6 . The experimental results show that the excellent detection results can be obtained for the images with clear pedestrian boundaries and complete pedestrian. However, if pedestrians are quite close to each other, or only a part of the body appear in the image, the accuracy will drop. A large number of tests show that the detection accuracy of Faster-RCNN is about 91.2% and the detection speed is about 0.015s per frame. The detection performance basically meets the requirements of practical application.
The trained SiamFC network is used in the infrared pedestrians tracking experiment. The experimental results show that the tracking accuracy of the same pedestrian decreases gradually with the increase of tracking time. Here, the accuracy of pedestrian tracking is expressed by the overlap rate between the pedestrian tracking box and the pre-marked box. In the early stage of the tracking, the pedestrian's posture is similar to those of the preset pedestrian model, so the overlap rate is between 0.85 and 0.95. With the change of walking posture, the overlap rate will drop to about 0.63. Experimental results show that the overlap rate of the algorithm proposed in this paper is increased from 0.63 to 0.67 for the same target in the same video, and the accuracy has been improved to a certain improvement. In Figure 7 , the green border is the actual box of the pedestrians marked manually, the yellow is the SiamFC tracking result, and the red is the improved tracking result. It can be seen from the figure that the pedestrian posture is barely changed in the early stage of tracking, and the three boxes almost overlap completely. With the change of pedestrian posture, the red and the yellow boxes begin to deviate. However, compared with the yellow box, the red is closer to the real box. In addition, the improved algorithm is compared with the original algorithm and other mainstream tracking algorithms on the OTB50. The tracking success rate (AUC) is shown in Figure 8 . In the Figure, the abscissa represents the threshold of the overlap rate between the tracking box and the real pre-marked box, and the ordinate represents the tracking success rate. When the overlap rate is greater than this threshold during the tracking process, the tracking is considered to be successful. It can be seen from figure 8 that the tracking success rate of SiamFC algorithm is ahead of that of most other algorithms, and it can maintain a relatively good success rate with the increase of threshold value. The proposed tracking algorithm in this paper improves the similarity evaluation process on the basis of SiamFC and increases the tracking success rate by about 3% compared with the original algorithm.
When pedestrians enter or leave the image boundary, only part of the body appears in the image, which is not conducive to pedestrian detection and tracking. Therefore, a monitoring area boundary is set up in this paper. The pedestrian will only be tracked when the detected pedestrian center is within this boundary. The multi-person pedestrian tracking effect is shown in Figure 9 . Figure 9 captures 6 frames from a consecutive 22-framevideo. In each frame, different colors of the box VOLUME 7, 2019 FIGURE 9. Multi-pedestrian tracking process.
represent different pedestrians. The pedestrians from entering to leaving the monitoring area are represented by only one color. In Figure 9 , the yellow box from frame1 to frame 11, the blue box from frame 6 to frame 18, and the purple box from frame 15 to frame 22 respectively indicate the process of tracking different pedestrian trajectories. It can be seen that infrared multi-pedestrian tracking is effective and meets the requirements of practical applications.
V. CONCLUSION
Infrared multi-pedestrian tracking in vertical view have broad application prospects. It can be used to calculate the flow of pedestrians on the sidewalk and estimate the green light time needed for crossing. It can also be used to count the number of pedestrians at the entrance or exit of public places, so as to control the population density. In addition, monitoring the number of people in some private places (such as hotel rooms) is also one of its applications. In this paper, the proposed infrared multi-pedestrian tracking algorithm combined with Faster-RCNN and SiamFC gives full play to the advantages of these two methods in their respective fields. Finally, a series of strategies are used to achieve multi-pedestrian tracking. At the same time, the similarity evaluation process of SiamFC is improved to increase the tracking accuracy during the change of pedestrian posture. The experimental results of infrared video recorded by the actual situation prove that the proposed algorithm is very effective and achieves competitive performance.
The tracking algorithm in this paper focus on the change of pedestrian posture and tracking multi-pedestrian without considering the challenges like occlusions, out-of-view, background cluttering and other variations. And the tracking accuracy would be greatly affected when these challenges occur.
So, in the future work, we try to use higher quality training data to train a more robust detection and tracking model to deal with occlusions and complex backgrounds. Moreover, a re-detect strategy will be adopted when there is severe outof-view and full occlusion.
